High angular resolution diffusion imaging (HARDI) allows in vivo analysis of the white matter structure and connectivity. Based on orientation distribution functions (ODFs) that represent the directionality of water diffusion at each point in the brain, tractography methods can recover major axonal pathways. This enables tract-based analysis of fiber integrity and connectivity. For multi-subject comparisons, fibers may be clustered into bundles that are consistently found across subjects. To do this, we scanned 20 young adults with HARDI at 4 T. From the reconstructed ODFs, we performed wholebrain tractography with a novel Hough transform method. We then used measures of agreement between the extracted 3D curves and a co-registered probabilistic DTI atlas to select key pathways. Using median filtering and a shortest path graph search, we derived the maximum density path to compactly represent each tract in the population. With this tract-based method, we performed tract-based analysis of fractional anisotropy, and assessed how the chosen tractography algorithm influenced the results. The resulting method may expedite population-based statistical analysis of HARDI and DTI.
INTRODUCTION
Fiber integrity and connectivity in the living brain may be measured using high angular resolution diffusion imaging (HARDI), which reconstructs the local profile of water diffusion at each point in the brain. Following the dominant directions of local water diffusion throughout the white matter, is one way tractography methods can recover the geometry and connectivity of the major white matter fiber pathways.
In clinical research, tractography may be used to reconstruct white matter tracts for surgical planning [1] . Analysis of structural connectivity is also useful for understanding coherent activity in functional networks. There are several ongoing efforts to map the human connectome, and to detect altered patterns of connectivity in disease. Additionally, fiber tracts may be extracted to study hemispheric asymmetries and functional lateralization [2] , and to identify genetic effects and sex differences in neural network organization [3] . However, before group differences in specific tracts can be studied, the large collection of 3D curves generated by tractography needs to organized into bundles that correspond to well-known white matter tracts [4] . Corresponding tracts and bundles also need to be matched across subjects, as a basis for statistical comparisons.
A wealth of methods have been developed to cluster fibers extracted using diffusion-based tractography [5, 6] . Some methods embed the problem in R n [7] ; they compute geometrical invariants for each curve; these are then stacked into high-dimensional vectors that are clustered. The resulting clusters of points may correspond to known white matter commissures such as the corpus callosum, or major fasciculi. Some methods are inspired by standard unsupervised pattern recognition methods. They divide a set of n observations into g groups, to maximize some metric of similarity among members of a group versus between members of different groups. Algorithms based on K-means, fuzzy clustering, hierarchical or agglomerative methods, and self-organizing maps can all be adapted, in principle, to cluster tracts. One such approach, spectral clustering [8, 7] groups fibers based on pair-wise distance measures among fibers as well as their spatial locations. Probabilistic clustering has also been used, without anatomical constraints, based on polynomial regression mixture models [9] . One problem with clustering methods that do not use prior anatomical information is that in many cases, known fiber bundles may be split into two or combined by the algorithm. A consistent partition across subjects is often difficult to find, and results may not correspond to known tracts in neuroanatomical atlases. Overall, the goal of this work is to (1) generate representative curves for tract based analysis of HARDI; (2) derive them guided by regions of interest in a brain atlas, so that the resulting tracts better reflect known anatomy, and (3) to make the tracts analyzed robust to discrepancies between the atlas and each individual subject, which tend to make atlas-based methods harder to apply to new subjects. To assess the utility of the method, we show an illustrative application assessing hemispheric asymmetry in tractbased FA, and we assess how the results depend on the tractography method that provides a basis for the analyses.
To create consistent fiber maps across subjects, we extracted fibers with a whole-brain tractography method, based on the Hough transform, and developed an atlas-based method to cluster them. First we retain all curves that are consistent, according to a similarity metric, with those in a probabilistic atlas. We then remove spurious curves by applying a median filter to a binary map representing the preliminary fiber clusters. We create a graph from a density image of the clustered fibers in each subject. With the Dijkstra shortest path algorithm [10] , we compute a representative path through this graph. This path follows areas with the highest fiber density. These maximum-density shortest paths offer a compact way to compare fiber bundles across a population, and compute multi-subject statistics. We assessed how the results depend on the choice of tractography algorithm, using one algorithm that used the full HARDI ODF, and a more standard streamline method, that follows the principal eigenvector of the diffusion tensor. We concluded that both methods gave satisfactory results for tract-based statistical analyses, with some characteristic differences in the paths extracted; we comment on these in the Discussion.
METHODS

Image data
We analyzed 105-gradient high-angular resolution diffusion images (HARDI) acquired from 20 healthy young adults [11] , on a 4 T Bruker Medspec MRI scanner. 3D volumes consisted of 55 2-mm thick axial slices with a 1.79 × 1.79 mm 2 in-plane resolution. 94 diffusion-weighted images (b = 1159 s/mm 2 ) were acquired with a uniform distribution of gradient directions on the hemisphere. 11 b0 (non-diffusion encoding) images were also acquired. Images were corrected for motion and eddy current distortions using FSL (www.fmrib.ox.ac.uk/fsl/).
Tractography methods
We analyzed two different tractography methods to explore the robustness of our clustering technique: (1) a novel Hough transform method to compute optimal paths through a field of constant solid angle orientation distribution functions (CSA-ODFs) derived from the HARDI data [12] , and (2) a streamline-based method based on the diffusion tensor [13] . We used TrackVis [14] to visualize fibers and clusters from both tractography methods.
The Hough transform method [12] tests 3D fibers that pass through seed points throughout the image space. It assigns a score to each fiber, based on the log-probability of the existence of the fiber, according to a cost function. The cost function measures the generalized fractional anisotropy (GFA) [15] along the fiber path, as well as the probability of a tract propagating in any given direction, derived from the ODF. The algorithm applies a Hough transform based voting process to a vast set of 3D curves in the volume. It assigns a score to each of them, and chooses those with the highest scores as potential tracts. The Hough transform is used to assign the highest scoring curve through a seed point as the potential fiber tract by having the voxels vote for the possible curves. For a single subject, each curve's score is defined as:
where x(s) and t(s) are respectively the location and the unit tangent vector to the curve under consideration, at the arc length s, and λ is a positive constant used as a prior on fiber length. We also used the Diffusion Toolkit [14] to calculate standard streamline based fibers from the diffusion tensor model. Tracking follows the local principal diffusion direction, from a seed point in the image, to form a fiber. The stopping criterion is based on a strong change in fiber direction,
where s is the number of data points referenced on the fiber, vi is the direction of maximal diffusion at point i. TrackVis was used to visualize fibers and filter them based on regions of interest (ROI).
Probabilistic atlas clustering
Each subjects T1-weighted image was aligned by 9-parameter transformation to the Colin27 high-resolution brain template [16] after manual skull stripping. The 11 b0 images from the DWI were averaged and aligned to the corresponding registered T1-weighted image, after they were masked using BET [17] . In this space, FA maps were generated for each subject. We also created a geometricallycentered study-specific mean FA template (or minimal deformation template; MDT) [18] . To cluster fibers from the tractography algorithm we used the JHU white matter tractography atlas [19] , which contains 17 prominent white matter tracts based on a set of fibers traced in 4 healthy subjects. The FA image from the JHU atlas was affinely transformed to the same MDT using FMRIB's Linear Image Registration Tool (FLIRT) [20] . The transformation was also applied to each of the 3D probabilistic tract images. Figure 1 shows the streamline tractography results with TrackVis. The fibers shown are those that intersect any of six selected regions from the fiber tract atlas: the forceps major (shown in green); forceps minor (orange); left superior longitudinal fasciculus (purple); right superior longitudinal fasciculus (red); left inferior frontooccipital fasciculus (burgundy); and right inferior fronto-occipital fasciculus (blue). Fibers were retained if they passed through any of the six regions. The fibers are colored by the direction of their middle segment. This figure gives insight into how we can use the atlas to select consistent sets of fibers in the brain. TrackVis allows set-based operations (logical AND/OR/NOT) with ROIs to select fibers, but generally requires manual effort to interact with the fiber sets on an individual fiber level.
To allow atlas-based fiber labeling independent of TrackVis, we fitted a 3D cubic spline curve to each fiber, and regularly sampled it. We found the set of voxels that it intersects with in the encompassing image space, then we computed their overlap with the white matter tract of interest in the atlas. The number of voxels in the intersection measures how well a tract fits into an atlas region. We then selected all tracts that intersected the atlas. This automatically selects fibers from a population of images, or from each individual subject. Figure  2(a) shows the part of the fiber tract atlas that represents the forceps major region of the corpus callosum, which includes the splenium. In this region, fibers arch backwards into the occipital lobes at the back of the brain. Figure 2(b) shows all the tracts that intersect it. The tracts shown here were computed using the Hough method. The fibers are colored by the number of voxels they intersect that are within the atlas region. As shown in Figure 2 (b), choosing all possible fibers that intersect a given white matter atlas region does not necessarily yield a good representation of that particular fiber bundle. Spurious curves may be included. Because of this, a threshold based on the voxel intersection count was used to further constrain which fibers were assigned to that fiber bundle (Figure 2(c) ). TrackVis enables the selection of fibers that intersect an ROI. In the case of the JHU atlas, TrackVis allows the user to reduce the size of the ROI. This helps constrain the number of fibers selected. We employed a threshold that differed from TrackVis in that it enabled us to select fibers based on how much fiber passed through the atlas. We chose the threshold to be the thickness of the ROI, although varying this did not affect the results drastically.
Median filtering of tract density
Once a set of tracts has been found in one subject using the JHU atlas, we create a binary volume image where a voxel is 1-valued if a fiber intersects it and 0 otherwise. We computed all the voxels that the selected fibers pass through, to create one binary volume image. We then apply median filtering [21] to this volume image. Median filtering replaces each voxels value by the median of the voxel values in its neighborhood (which for our binary data, is like a voting process). In our experiments, we used a 5 × 5 × 5 box as the neighborhood centered on each voxel. The median filter changes any 1-valued voxels far from the main cluster to 0, to suppress noise and erroneous fibers. We use the median-filtered binary image to further screen the fibers in the cluster by calculating the intersection of the binary image voxels with fibers in the cluster. We remove a fiber if all the voxels it travels through are not included in the filtered binary image. This removes fibers far from the main cluster, and creates a dense set of tracts with a coherent shape.
The resulting set of fibers after this median filtering step is the final set included in the fiber bundle and serve as the basis for the white matter tract. Representative results of median filtering are shown in Figure 3 
Representing the cluster by the maximum density path
To compactly represent the fiber bundle in each subject, we create a path through the bundle to follow the highest density of fibers. We first create a fiber density volume image by counting, at each voxel, how many fibers pass through it. We then create a graph (a set of nodes and undirected edges connecting them) from this density image. Nodes in the graph represent the voxel locations that have a non-zero density value, and the edges connect each voxel to its surrounding 26 neighboring voxels. The value of the edge connecting nodes i and j is dictated by:
where di is the density at the voxel corresponding to node i. This makes the cost of traveling from node i to node j inversely proportional to their density. We then select a start and end node in the graph by first assigning a start and end voxel location in the JHU atlas. The closest non-zero voxel locations in the density image (by Euclidean distance) to the start and end voxels in the atlas are used as the voxels that correspond to the start and end nodes in the graph. Dijkstra's algorithm [10] is then run on the graph to find the shortest path connecting the start and end nodes. Dijkstras algorithm is a graph search algorithm that efficiently finds the shortest path from a start node to every other node in the graph. In this case, the shortest path will include edges connecting nodes with high density values. As a result, it follows the path with the highest density of fibers in the image.
This resulting path is an ordered set of voxels. The centers of the voxels in the path are then used as the coordinates that trace the path and a 3D cubic spline is fitted to them. The resulting path is used to compactly represent the fiber bundle. The maximum density path of the fiber bundle in 3(a) is shown in 3(b) . By computing the shortest path in each subject, we can represent the fiber bundles in all subjects in the entire dataset. The FA along this fiber path may then be used to compare fiber bundles across subjects or groups [22] .
Paired t-test of FA
Next we illustrate how to use the method to obtain tract-based statistics [23] . Once the maximum density curves are computed, we performed a paired-sample t-test comparing the FA along the maximum density curves from the Hough transform method to those from the streamline method. This was done pointwise, by uniformly sampling 100 points across each curve and finding the FA value at each point from the corresponding FA image, via cubic interpolation. We then found the mean FA along each curve and used that as an attribute for statistical analysis along that curve.
Another paired-sample t-test was used to assess the degree of hemispheric (left/right) symmetry of the tracts using each method. We split the curves in two by separating them at the midsagittal plane. Then we found the mean FA along each of these curves and compared them. This test was applied to the group of maximum density curves for each tractography method.
RESULTS
To test the proposed approach, we ran the methods on 20 subjects images. Fibers were found using the Hough transform (green) and streamline (blue) methods. Figure 4 shows 40 different maximum density paths, one for each of the two tractography methods, per subject. Paths are then readily compared across subjects and methods.
The streamline method generates many more fibers than the Hough transform method. This is partly because the cost function does not rate fibers based on their overall geometry, as the Hough method does. Its density image also covers a larger volume, and all maximum density paths originate at the user-specified start and end points. Fibers were manually selected using TrackVis by using the NOT logical function to remove fibers outside the JHU atlas region.
The paired-sample t-test comparing the FA along the maximum density curves from the Hough transform method compared to those from the streamline method gave a p-value of 8.8 × 10 −8 . The paired-sample t-test assessing the hemispheric asymmetry of the maximum density curves from the Hough transform method gave a p-value of 0.56. The test for the symmetry of the curves from the streamline method gave a p-value of 9.4×10 −3 . The difference may be because there are significantly more curves from the streamline method so that the maximum density curve has a somewhat different trajectory. The fibers generated from each method may also differ in shape. In future, it may be fairer to compare results using the same number of fibers for both methods, although there would have to be a principled decision about which fibers to keep. Also, the Hough method is somewhat more computationally intensive (given its more complex mathematical formulation), making it easier to sample a very high number of curves with the streamline method.
We then found the FA along each of these curves; results are plotted in Figure 5 . Shown in green are the curves from the fibers generated using ODF/Hough tractography. In blue, we show the curves generated from the streamline single-tensor method. In general, the FA along the curves from the Hough method was greater, though both approaches had the same general pattern (higher at midline).
DISCUSSION
In this work, we combined whole-brain HARDI tractography with a standard white matter tract atlas. We were able to automatically group traced fibers in the brain irrespectively of the chosen tractography method. By reconstructing maximum density paths for each individual, we can compactly represent known anatomical fiber tracts in new datasets. This allows us to obtain group statistics for crosssubject comparisons of scalar attributes along these paths (e.g., such as FA, GFA, or mean diffusivity). This method lends itself to population studies as it recovers homologous anatomical tracts across subjects without requiring manual labeling of tracts. It also avoids computationally intensive high-dimensional clustering methods to match corresponding clusters across subjects, which is anyhow not always successful. The threshold and median filter are additional processing steps that do not require manual modification, once established for a specific dataset.
Maximum density paths may be used to compute population statistics for clinical or genetic analyses of connectivity. Features such as curvature along the paths may also be examined. The paths may be registered together across large numbers of subjects to investigate statistical factors associated with differences in tract geometry and fiber characteristics across populations.
The low p-value for the test comparing mean FA along the paths Fig. 5 . FA along the maximum density curves generated using fibers generated from the Hough transform and streamline method, for each of the 20 HARDI datasets. Interestingly, the Hough method picks curves with a higher FA, and there is some evidence that differences in FA are easier to detect when FA is higher, perhaps due to the higher SNR. For this reason, the Hough-based tracts may be more useful for studying factors that influence tract FA. The FA is slightly reduced away from the midline of the brain, partly due to a less degree of directional coherence among fibers within a voxel. This occurs because the fibers are all essential orthogonal to the midsagittal plane at midline, but mix with other tracts and fan out more as they deviate further from midline.
between the two approaches could show that although the overall shape of the maximum density curves is similar, as shown in Figure  5 , the distribution of FA along the curves is significantly different. This could demonstrate that each method clusters effectively with sufficient internal coherence to capture the differences in the two tractography methods. In addition, the Hough method tended to pick tracts with consistently higher FA. This may be useful in statistical studies, where high FA regions typically offer greater SNR, making it easier to detect effects of specific clinical or genetic factors on fiber microstructure.
